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ASSESSING SYSTEMATIC ERROR IN THE INFERENCE OF SEED PLANT PHYLOGENY
J. Gordon Burleigh1 and Sarah Mathews
Section of Evolution and Ecology, University of California, Davis, California 95616, U.S.A.; and Arnold Arboretum
of Harvard University, Cambridge, Massachusetts 02138, U.S.A.
We used parametric bootstrapping to assess the performance of maximum parsimony and maximum
likelihood phylogenetic analyses of a 12-locus seed plant data set. Evidence of biases in maximum parsimony
analyses of single-locus data sets may explain some of the locus-specific variation among DNA-based
hypotheses of seed plant phylogeny. In particular, there is strong evidence of bias in maximum parsimony
analyses, especially of plastid loci, that favors placing Gnetales sister to other seed plants. We concatenated
simulated single-locus data sets to examine biases in analyses of a 12-locus data set in which each locus is
simulated with different substitution parameters and branch lengths. Maximum parsimony analyses of
the simulated 12-locus data set also show evidence of biases in favor of recovering trees with Gnetales sister to
other seed plants and against recovering anthophyte, gnepine, and gnetifer trees. These biases are most evident
in analyses that include the fastest-evolving characters. In the maximum likelihood analyses of the simulated
12-locus data sets, there is evidence of a bias against recovering the anthophyte hypothesis. Otherwise, there is
little evidence that the heterogeneous branch lengths and substitution processes among loci influence the results
from maximum likelihood phylogenetic analyses.
Keywords: seed plants, Gnetales, parametric bootstrapping, multigene analysis, systematic error, phylogeny.
Online enhancements: data files.
Introduction
Phylogenetic analyses of molecular data sets with large
numbers of characters per taxon may not be as susceptible to
random, or stochastic, error as analyses of data sets with
fewer characters (Rokas et al. 2003). However, analyses of
such large molecular data sets still are vulnerable to systematic
errors or errors caused by failings of the phylogenetic method
rather than a lack of data (Phillips et al. 2004; Soltis et al.
2004; Stefanovic et al. 2004). In fact, adding data can exacer-
bate the symptoms of systematic error by increasing support
for erroneous relationships. Thus, it is critical to examine phy-
logenetic analyses for evidence of systematic error, even when
the data sets are large and support for phylogenetic relation-
ships is high. We explore the role of systematic error in phylo-
genetic analyses of a 12-locus data set from seed plants.
The evolutionary relationships among seed plant lineages
remain disputed despite numerous phylogenetic analyses of
increasingly large data sets (Bowe et al. 2000; Chaw et al.
2000; Magallón and Sanderson 2002; Rydin et al. 2002;
Soltis et al. 2002; Rai et al. 2003; Burleigh and Mathews 2004,
2007). Many of the analyses reveal support for conflicting
phylogenetic hypotheses. For example, maximum likelihood
(ML) and maximum parsimony (MP) analyses often support
different topologies (Magallón and Sanderson 2002; Soltis
et al. 2002; Burleigh and Mathews 2004, 2007). Similarly,
analyses of different loci, and even analyses of different parti-
tions of the same locus, often give conflicting results (e.g.,
Chaw et al. 2000; Frohlich and Parker 2000; Sanderson et al.
2000; Magallón and Sanderson 2002; Rydin et al. 2002;
Soltis et al. 2002; Burleigh and Mathews 2004, 2007). Al-
though the variety of strongly supported phylogenetic results
suggest that systematic error affects at least some of the seed
plant phylogenetic analyses, it is difficult to diagnose system-
atic error from the results of the phylogenetic analyses alone.
Sanderson et al. (2000) used parametric bootstrapping to
show evidence of systematic error in MP analyses of psaA and
psbB from seed plants. Their results indicated a bias favoring
the placement of Gnetales as sister to other seed plants in MP
analyses of psbB third codon position sites and also revealed a
bias against recovery of the anthophyte hypothesis from MP
analyses of both loci (Sanderson et al. 2000). We use paramet-
ric bootstrapping to further examine the role of error in both
ML and MP analyses of 11 individual loci and in a 12-locus
concatenated data set previously used in the seed plant analy-
ses of Burleigh and Mathews (2007). Specifically, we explore
the extent to which systematic error contributes to the differ-
ences observed in MP and ML analyses, to locus-specific vari-
ation, and to the differences found in analyses of partitioned
data sets. We also investigate the effect of heterogeneous pro-
cesses of evolution on MP and ML analyses to see how well
they perform in analyses of multilocus data set in which the
patterns of evolution vary among the loci that have been sam-
pled to infer seed plant phylogeny.
Methods
Data Sets and Previous Phylogenetic Analyses
The parametric bootstrapping experiments are based on
the 12-locus seed plant data set used by Burleigh and Mathews
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(2007). This data set contains sequences from 12 loci and
25 exemplar genera (23 seed plants and two outgroups). The
genera comprise representatives of angiosperms (Arabidopsis,
Chloranthus, Drimys, Glycine, Illicium, Magnolia, Nicotiana,
Nymphaea, Oryza, Piper, Pisum, Trochodendron, and Zea),
cycads (Cycas and Zamia), Gnetales (Ephedra, Gnetum, and
Welwitschia), Pinaceae (Abies and Pinus), non-Pinaceae coni-
fers (Araucaria and Juniperus), and Ginkgo. Lycopodium and
Angiopteris were included as outgroups. Four of the loci are
from the nuclear genome (18S rDNA, 26S rDNA, PHYP/B,
and PHYN/A), five loci are from the plastid genome (atpB,
matK, psaA, psbB, and rbcL), and three loci are from the mi-
tochondrial genome (atpA, coxI, and mtSSU). Burleigh and
Mathews (2007) describe details regarding the assembly and
alignment of the data set, and the complete accession table
and sequence alignment are available in a zip archive in the
online edition of the International Journal of Plant Sciences,
in both Excel and tab-delimited ASCII files; the archive also
includes a Nexus file. In the analyses of Burleigh and Mathews
(2007), sites in the 12-locus alignment also were partitioned
into one of four rate classes using a previously described
method (Burleigh and Mathews 2004). Rate class 1 (RC1) sites
are the most slowly evolving sites, and in fact, all RC1 sites
were constant. Rate class 2 (RC2) and 3 (RC3) sites are esti-
mated to be evolving at intermediate rates, and these were
combined into a single partition for simulation (the RC23
sites). The rate class 4 (RC4) sites are estimated to be evolving
at the fastest rates.
Burleigh and Mathews (2007) performed MP and ML analy-
ses on all single-locus data sets as well as the combined 12-
locus data set. Additionally, the MP and ML analyses were
performed on just the RC23 sites and just the RC4 sites of each
locus but not on RC1 sites since there is no variation at these
sites. Heuristic MP searches were conducted with PAUP*, version
4.0b10 (Swofford 2002), using 10,000 random taxon addition
replicates with tree-bisection-reconnection (TBR) branch swap-
ping. All characters were unordered, and gaps were treated as
missing data. The MP nonparametric bootstrap analyses (Felsen-
stein 1985) consisting of 1000 replicates, each with 100 random
taxon addition replicates and TBR branch swapping, were per-
formed on each data set. The bootstrap scores are based on sam-
pling a single tree per bootstrap replicate, the first tree saved. All
ML analyses used the HKY model (Hasegawa et al. 1985) that
allows separate rates for transitions and transversions and uses
empirical base frequencies. We chose the HKY model because it
is relatively simple and thus computationally tractable yet it in-
corporates the major substitution bias found in all loci, the un-
equal rates of transitions and transversions. The ML analyses of
data sets with all rate classes also incorporated gamma (G) dis-
tributed rate variation among sites (Yang 1994), and ML analyses
of data sets consisting of only RC23 or RC4 sites assumed equal
rates among sites. All ML searches used substitution parameter
values estimated from a neighbor-joining (NJ; Saitou and Nei
1987) topology. Each ML bootstrap replicate used TBR branch
swapping starting from the NJ tree with a time limit of 6 h.
Assessment of Error Rates with Parametric Bootstrapping
Parametric bootstrapping was used to examine how well
MP and ML methods would recover five different seed plant
hypotheses inferred in analyses of molecular and/or morpho-
logical data (see review in Magallón and Sanderson 2002).
The anthophyte (AN) hypothesis places Gnetales in a clade
with angiosperms and the extinct Bennettitales and Pentoxy-
lon (Doyle 1998a). Trees of extant taxa are consistent with
the AN hypothesis only if they place angiosperms and Gne-
tales as sister taxa. The gnepine (GP) hypothesis places Gne-
tales as sister to Pinaceae, and the gnetifer (GF) hypothesis
places Gnetales as sister to all conifers. The Gnetales sister
(GS) hypothesis places Gnetales as sister to all other seed plants,
and the Gnetales sister gymnosperms (GSG) hypothesis places
Gnetales as sister to the other gymnosperms.
In parametric bootstrapping, DNA sequence alignments are
simulated based on a specified topology, branch lengths, and
substitution parameters. Parametric bootstrapping techniques
were used to create pseudoreplicate data sets for each of the
12 single-locus data sets using a topology for each of the five
seed plant hypothesis previously listed. To find optimal topol-
ogies representing each seed plant hypothesis, we first per-
formed constrained MP searches for each hypothesis using the
entire 12-locus data set. In preliminary analyses, we did not
find major differences in the topologies of MP and ML con-
straint topologies. If multiple MP trees were found in the con-
straint searches, we used the first saved tree. For each locus,
we then estimated the branch lengths and substitution param-
eters for each of the five constraint trees using all sites assum-
ing the general time reversible (GTR) G substitution model
(Tavaré 1986; Yang 1994). If the locus did not contain all genera
from the concatenated data set, these taxa were pruned from
the trees. For each locus, the constraint trees and estimated
parameters were used to simulate 100 replicate data sets using
HYPHY batch files (Kosakovsky Pond et al. 2005). We cre-
ated 100 replicate 12-locus data sets by concatenating individ-
ual locus simulation data sets. Thus, the 12-locus simulation
data sets account for different substitution parameters, branch
lengths, and even taxon sampling from each locus. To obtain
the simulated RC23 and RC4 data sets for each locus, we esti-
mated the optimal rate class assignment for all sites in each
concatenated 12-locus data set using the method described by
Burleigh and Mathews (2004).
Both MP and ML were used to analyze each of the simulated
data sets of all sites, of only the RC23 sites, and of only the RC4
sites from 11 of the 12 loci (outgroup sequences were not avail-
able for 26S rDNA when these analyses were begun) as well as
the 12-locus concatenated data sets. The MP and ML analyses
of the simulated data sets used the same heuristic strategies as
those used in the analyses of the original empirical data sets.
Error rates can be estimated through parametric bootstrap-
ping by comparing the topology used to simulate data sets
with the topologies inferred from the simulated data sets
(Huelsenbeck et al. 1996). The parametric bootstrap esti-
mates the probability of inferring a topology, given that the
simulated topology is true. For example, in the seed plant
simulations, parametric bootstrapping allows us to estimate
the probability of inferring a GS hypothesis, given that the
GP hypothesis is true. We would denote this P[infer GSjGP
true]. With a complete set of parametric bootstrapping re-
sults, it is then possible to use Bayes’s rule to calculate the
probability that a topology is true, given the topology we
inferred. This simply summarizes how the results of the
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parametric bootstrapping affect our confidence in the topol-
ogy that was inferred from the original empirical analysis. So if
we inferred a GS hypothesis from our original analyses, we can
use the results of the parametric bootstrapping to calculate
P[GP truejinfer GS] or the posterior probability that the GP is
true, given that we inferred GS. Furthermore, we can incorpo-
rate the nonparametric bootstrap support to scale the posterior
probability based on the percentage of times that a hypothesis
was inferred from bootstrap data sets. In our example, if the
GS hypothesis received 80% nonparametric bootstrap support
and the GP hypothesis received 20% support, the probability
that the GP hypothesis is true is P[GP truej80% infer GS; 20%
infer GP ¼ 0:80 3 P½GP truejinfer GS þ 0:20 3 P[GP truejinfer
GP]. We call this posterior probability that is scaled by the
bootstrap scores the adjusted bootstrap score.
To use Bayes’s rule, we first assume that the prior probabili-
ties of each of five hypotheses of seed plant phylogeny are equal
(P½AN ¼ P½GP ¼ P½GF ¼ P½GB ¼ P½GBG ¼ 0:20) and that
other hypotheses have a prior probability of 0. In other words,
in the absence of data, we assume that each of the five seed
plant hypotheses is equally likely to be correct. In our example
using Bayes’s rule P½GP truejinfer GS ¼ ðP½infer GSjGP true3
P½GPÞ=P[data], where P[data] represents the sum of the proba-
bilities of inferring the specified hypothesis, given that each pos-
sible hypothesis is true (in this case, P½infer GSjGP true3 P½GPþ
P½infer GSjGF true 3 P½GF þ P½infer GSjAN true 3 P½AN þ P
½infer GSjGS true 3 P½GS þ P½infer GSjGSG true 3 P[GSG]).
Since the prior probabilities of the five seed plant hypotheses are
equal, they cancel out of the calculation of the Bayes’s rule for-
mula. Phylogenetic analyses of some single-locus data sets may
support trees that are not compatible with any of the five seed
plant hypotheses we examine. These trees represent many very
unlikely phylogenetic hypotheses, for example, trees in which the
angiosperms are not monophyletic. Although there appear to be
cases of horizontal transfer of loci among distantly related seed
plant clades (Won et al. 2003) and mistakes in GenBank are pos-
sible, there is little evidence to attribute the anomalous trees to
these causes. In single-locus data sets, the anomalous trees are
mostly recovered in the analyses of the small RC23 or RC4 data
sets, and they are less frequently recovered in larger combined
data sets. These trees also are rarely recovered in phylogenetic
analyses of multilocus data sets. Thus, they likely reflect random
error and anomalies in the phylogenetic analyses of small data
sets rather than horizontal transfer or viable hypotheses of seed
plant relationships. We chose to simulate data only on those trees
that have been supported in published analyses of molecular or
morphological data. We place all of the trees that conflict with all
five seed plant hypotheses into a category called ‘‘other’’ trees.
The prior probability of an ‘‘other’’ hypothesis is 0%, and there-
fore the adjusted bootstrap score for an ‘‘other’’ hypothesis will al-
ways be 0%.
We detail the full calculation of the adjusted bootstrap
with two examples. In the first example, the results of the
parametric bootstrap in table 1 show little evidence of bias;
the analyses of the simulated data sets recover the hypothesis
used to simulate the data 90% of the time. The nonparamet-
ric bootstrap support in the original data set is 95% for the
GP hypothesis and 5% for an ‘‘other’’ hypothesis (table 1).
Therefore, the adjusted bootstrap value that the GP hypothe-
sis is true will be 0:95 3 P½GP truejinfer GP þ 0:05 3 P[GP
truejinfer other]. We can calculate the P½GPjinfer GP] with
Bayes’s rule as shown (note we have canceled out the prior
probabilities since they are equal):
P½GP truejinfer GP ¼ P½infer GPjGP true=
ðP½infer GPjGP true þ P½infer GPjGF true
þ P½infer GPjAN true þ P½infer GPjGS true
þ P½infer GPjGSG trueÞ:
P½GP truejinfer GP ¼ 0:90=ð0:90þ 0:00þ 0:00
þ 0:00þ 0:00Þ ¼ 1:
Now we can calculate P[GPjinfer other] with the following
formula:
P½GP truejinfer other ¼ P½infer otherjGP true=
ðP½infer otherjGP trueþP½infer otherjGF true
þP½infer otherjAN trueþP½infer otherjGS true
þP½infer otherjGSG trueÞ:
P½GP truejinfer other ¼ 0:10=ð0:10þ 0:10þ 0:10
þ 0:10þ 0:10Þ ¼ 0:20:
So, in table 1, the adjusted bootstrap value that the GP hy-
pothesis is true ¼ ð0:95 3 1Þ þ ð0:05 3 0:20Þ ¼ 0:96. We can
use the same method to determine that the adjusted boot-
strap values for each of the other four seed plant hypotheses
is 0.01 (table 1).
Table 2 shows a case in which parametric bootstrapping
results indicate a strong bias in favor of recovering the GP
hypothesis. The GP hypothesis is recovered in analyses of
90% of the simulated data sets no matter which seed plant
hypothesis is used to simulate the data. In this case, the ad-
justed bootstrap value for the GP hypothesis is still 0:95 3
P½GP truejinfer GP þ 0:05 3 P½GP truejinfer other], and we
can calculate P[GPjinfer GP] as follows:
P½GP truejinfer GP ¼ P½infer GPjGP true=
ðP½infer GPjGP true þ P½infer GPjGF true
þ P½infer GPjAN true þ P½infer GPjGS true
þ P½infer GPjGSG trueÞ:
P½GP truejinfer GP ¼ 0:90=ð0:90þ 0:90þ 0:90
þ 0:90þ 0:90Þ ¼ 0:20:
We calculate P[GPjinfer other] as
P½GP truejinfer other ¼ P½infer otherjGP true=
ðP½infer otherjGP true þ P½infer otherjGF true
þ P½infer other jAN true þ P½infer otherjGS true
þ P½infer otherjGSG trueÞ:
P½GP truejinfer other ¼ 0:10=ð0:10þ 0:10þ 0:10
þ 0:10þ 0:10Þ ¼ 0:20:
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So, in table 2, the adjusted bootstrap for the GP
hypothesis ¼ ð0:95 3 0:20Þ þ ð0:05 3 0:20Þ ¼ 0:20. Similar cal-
culations show that the adjusted bootstrap values for each of
the other four seed plant hypotheses is also 0.20 (table 2). In
this example, we cannot distinguish between the seed plant
hypotheses because the GP hypothesis is equally likely to be
inferred no matter which seed plant hypothesis is true (table
2). The adjusted bootstrap score accounts for the strong ob-
served bias and indicates that the nonparametric bootstrap
score should not be trusted. The adjusted bootstrap values
for each hypothesis should be interpreted with respect to the
prior probability of 0.20. In this example, the adjusted boot-
strap value for each hypothesis is the same as the prior prob-
abilities, indicating that the data cannot help to distinguish
among seed plant hypotheses, even though the GP hypothesis
receives strong bootstrap support (table 2).
Results
A table with the complete results of the parametric boot-
strapping experiments from all single-locus analyses (the
number of times each seed plant hypothesis was recovered
from each set of simulations) is available as supplemental
data. The simulations show evidence of different errors or
biases in single-locus analyses. Adjusted bootstrap values for
single-locus MP or ML analyses rarely indicate strong sup-
port for any seed plant hypothesis (tables 3, 4). In the single-
locus MP analyses, there is evidence of a bias favoring the
GS hypothesis in the plastid loci (table 3). In nine of 10 cases
in which the GS hypothesis receives greater than 50% MP
bootstrap support, the adjusted bootstrap is below 50% (ta-
ble 3). There also is evidence of a bias favoring the GSG hy-
pothesis in MP analyses of all sites and RC23 sites of PHYN/
A, as determined by the low adjusted bootstrap scores com-
pared with the nonparametric bootstrap scores (table 3). The
adjusted bootstrap support for the GP hypothesis generally is
lower than MP bootstrap support, though the difference gen-
erally is not as extreme as bias toward the GS hypothesis in
the plastid loci (table 3). In four of the six cases in which the
single-locus MP bootstrap values are above 50%, the ad-
justed bootstrap also is above 50%. The three hypotheses to
receive greater than 50% adjusted bootstrap support in the
single-locus MP analyses are the GP hypothesis (three loci,
five partitions), the GF hypothesis (three loci, three parti-
tions), and the GS hypothesis (one partition; table 3). Error
is less evident in the single-locus ML than in MP analyses (ta-
bles 3, 4). In 13 of 16 cases, whenever ML bootstrap support
for a hypothesis is greater than 50%, the corresponding ad-
justed bootstrap support is also more than 50% (table 4).
Most of the support from the single-locus ML analyses is for
the GP hypothesis. In 10 of 11 cases in which the ML sup-
port for the GP hypothesis exceeds 50%, the adjusted boot-
strap also is greater than 50%, and in one case (psbB RC23),
the adjusted bootstrap for the GP hypothesis is greater than
50% even when the nonparametric bootstrap support is not
(table 4). In three cases for the GF hypothesis and one case
for the GS hypothesis, the adjusted bootstrap from single-
locus ML analyses exceeds 50% (table 4). Thus, in the single-
locus analyses, bias is more evident in MP than ML analyses,
and the strongest apparent biases favor recovering the GS hy-
pothesis.
When the 12-locus data sets are analyzed, there is more ev-
idence of error in MP than ML analyses (tables 5, 6). In the
MP analyses, evidence of error is most apparent in the analy-
ses of the all sites data sets, in which there is evidence of bias
against recovering the AN and GF hypotheses, and the RC4
data sets, in which there is strong evidence of bias against re-
covering the AN, GP, and GF hypotheses (table 5). Bias is
less evident in the 12-locus MP analyses of the RC23 data
sets, in which only the AN hypothesis appears difficult to re-
cover when it is the true hypothesis and the adjusted boot-
strap scores are similar to the bootstrap scores (table 5). In
all of the MP analyses of 12-locus data sets, the GS and GSG
trees are always recovered when they represent the true tree
(table 5). In the ML 12-locus simulations, there is no evi-
dence of biases affecting the recovery of the GP, GF, GS, or
GSG hypotheses (table 6). All of these hypotheses are recov-
ered in at least 92% of the ML analyses in which they are
used to simulate the data (table 6). There is evidence of bias
Table 1
Calculating the Adjusted Bootstrap Values from Parametric Bootstrap Results with No Evidence of Bias
GP GF AN GS GSG BS ABS
GP 0.90 0.00 0.00 0.00 0.00 0.95 0.96
GF 0.00 0.90 0.00 0.00 0.00 0.00 0.01
AN 0.00 0.00 0.90 0.00 0.00 0.00 0.01
GS 0.00 0.00 0.00 0.90 0.00 0.00 0.01
GSG 0.00 0.00 0.00 0.00 0.90 0.00 0.01
Other 0.10 0.10 0.10 0.10 0.10 0.05
Note. Five seed plant hypotheses were examined: GP ¼ gnepine; GF ¼ gnetifer; AN ¼ anthophyte;
GS ¼ Gnetales sister to seed plants; GSG ¼ Gnetales sister to gymnosperms. Columns GP–GSG repre-
sent the seed plant hypothesis that was simulated; the rows represent the percentage of times each seed
plant hypothesis was recovered from the simulated data sets. The row ‘‘Other’’ represents the percent-
age of times a topology that is not consistent with any of the five listed seed plant hypotheses was re-
covered. For example, when the GP hypothesis was simulated, 90% of the time a GP hypothesis was
recovered from the analysis of the simulated data sets, and 10% of the time none of the five hypotheses
was recovered. BS is the nonparametric bootstrap score obtained from the empirical data set, and ABS
is the adjusted bootstrap.
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in 12-locus ML analyses against recovering the AN hypothe-
sis. In the 12-locus ML simulations of all sites and only the
RC23 sites, the AN hypothesis is recovered 74% and 82% of
the times it is simulated, respectively. There is stronger evi-
dence of biases against the AN hypothesis the 12-locus ML
analyses of just the RC4 sites, in which the AN hypothesis is
recovered only 26% of the times it is used to simulate the
data (table 6). In both the MP and ML analyses of the 12-
locus data sets, only the GP hypothesis ever has an adjusted
bootstrap score above 72% (99% in MP and ML analyses of
RC23 data set; 100% in ML analyses of all sites), and in
cases where the GS hypothesis receives notable bootstrap
support, its adjusted bootstrap scores are always lower (ta-
bles 5, 6).
Discussion
The results of the parametric bootstrapping experiments
demonstrate the potential for systematic error in both MP
and ML analyses of seed plant data sets. There is extensive
evidence of bias favoring the GS hypothesis in MP analyses,
especially of faster-evolving sites, and both MP and ML anal-
yses demonstrate a bias against recovering the AN hypothesis
(tables 3–6). With the exception of the potential bias against
recovering the AN hypothesis, ML analyses of the 12-locus
data set show little evidence of error associated with hetero-
geneous processes of evolution among loci. There is greater
evidence of bias in MP analyses of the 12-locus data set. The
results emphasize that analyses of concatenated data sets
with many characters are susceptible to error and must be in-
terpreted with caution (Phillips et al. 2004; Soltis et al. 2004;
Stefanovic et al. 2004).
Biases in Single-Locus Analyses
Biases observed in the MP analyses of single-locus simula-
tions appear to explain some of the variation in the phyloge-
netic signal among loci and rate class partitions observed
previously in phylogenetic analyses of seed plant data (Burleigh
and Mathews 2007). For example, the MP bootstrap analysis
for 18S rDNA supports the GF hypothesis much more
strongly than other loci (Burleigh and Mathews 2007), and
there is evidence for a bias favoring recovery of the GF hy-
pothesis when it is not the true (simulated) hypothesis in 18S
rDNA data (table 3). The same situation occurs for PHYN/A
and the GSG hypothesis (Burleigh and Mathews 2007; table 3).
Most strikingly, MP analyses of plastid loci strongly support
the GS hypothesis compared with the other loci (Burleigh
and Mathews 2007), and the simulations show a strong bias
favoring the recovery of the GS hypothesis in analyses of
plastid loci, even if the GS hypothesis is not true (table 3). In
an extreme case, MP analyses of the simulated matK data
set always recover the GS hypothesis, no matter which phylo-
genetic hypothesis is used for the simulations (see supplemen-
tal data). Bias in MP analyses favoring the GS hypothesis is
overall most evident in analyses of the RC4 sites (table 3).
This result extends the observations of bias favoring the GS
hypothesis in the fast-evolving third codon position of psaA
from Sanderson et al. (2000). It is not obvious why MP analy-
ses of the plastid loci seem especially susceptible to bias,
though it may be due to the relative branch lengths associated
with plastid loci. The plastid RC23 sites have more biased em-
pirical nucleotide frequencies (GC content ¼ 32:4%) than the
RC4 sites (GC content ¼ 42:6%), and thus, the phylogenetic
bias likely is not due to a limited character-state space.
Compared with the MP analyses, there is little evidence of
bias in the single-locus ML analyses (table 4). Some ML
analyses rarely recover the hypothesis used to simulate the
data, but there also is rarely much support for an alternate
topology (table 4; supplemental data). Since we grouped ev-
ery topology that is not consistent with the five chosen seed
plant hypotheses in the category ‘‘other,’’ high ‘‘other BS’’
values do not necessarily mean that any specific alternate hy-
pothesis is well supported. The results of the ML analyses of
single-locus simulated data sets are consistent with a lack of
power to resolve the phylogeny and do not necessarily indi-
cate a bias favoring recovery of an erroneous phylogeny. The
Table 2
Calculating the Adjusted Bootstrap Values from Parametric Bootstrap Results
with Evidence of Strong Bias
GP GF AN GS GSG BS ABS
GP 0.90 0.90 0.90 0.90 0.90 0.95 0.20
GF 0.00 0.00 0.00 0.00 0.00 0.00 0.20
AN 0.00 0.00 0.00 0.00 0.00 0.00 0.20
GS 0.00 0.00 0.00 0.00 0.00 0.00 0.20
GSG 0.00 0.00 0.00 0.00 0.00 0.00 0.20
Other 0.10 0.10 0.10 0.10 0.10 0.05
Note. Five seed plant hypotheses were examined: GP ¼ gnepine; GF ¼ gnetifer; AN ¼ anthophyte;
GS ¼ Gnetales sister to seed plants; GSG ¼ Gnetales sister to gymnosperms. Columns GP–GSG repre-
sent the seed plant hypothesis that was simulated; the rows represent the percentage of times each seed
plant hypothesis was recovered from the simulated data sets. The row ‘‘Other’’ represents the percent-
age of times a topology that is not consistent with any of the five listed seed plant hypotheses was re-
covered. For example, when the GP hypothesis was simulated, 90% of the time a GP hypothesis was
recovered from the analysis of the simulated data sets, and 10% of the time none of the five hypotheses
was recovered. BS is the nonparametric bootstrap score obtained from the empirical data set, and ABS
is the adjusted bootstrap. Evidence of bias favors recovering the GP hypothesis.
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lack of evidence of bias in single-locus ML simulations is
likely due to the similarity of the model used to simulate the
data with the model used to analyze the simulated data sets.
In cases in which the model used to infer the phylogeny is
identical to the true process generating the sequences, ML
analyses using reversible nucleotide models will be consistent;
that is, they converge toward the correct result as more data
are added (Rogers 2001). Furthermore, in simulation, ML
analyses often appear to behave in a consistent manner when
the nucleotide model used to analyze the data is similar to
the model used to simulate the data (Sullivan and Swofford
2001). The GTR model used to simulate the single-locus sim-
ulation data sets is a generalized form of the HKY model
used to analyze the data. Thus, the ML analyses of the
single-locus data sets should have little systematic error asso-
ciated with model misspecification. The apparent difficulty of
recovering the simulated seed plant hypothesis from single-
locus simulated data sets (table 4) demonstrates the strength
of the random error, which may necessitate combining loci to
infer seed plant phylogeny.
Biases in 12-Locus Simulated Data Sets
Combining loci to make longer alignments may reduce sam-
pling error and increase the power of a phylogenetic analysis,
but it is unclear whether analyses of concatenated data sets
with many characters remain susceptible to the biases ob-
served in the single-locus analyses. On the one hand, combining
a large collection of unlinked loci with different patterns of evo-
lution might allow the true phylogenetic signal to emerge above
the divergent sets of biases observed in the single-locus analyses
(Rokas et al. 2003). On the other hand, in some cases, heteroge-
neity in the processes of evolution or phylogenetic signal among
loci can complicate phylogenetic analyses, especially when the
analyses assume a homogeneous process of evolution (Wilgen-
bush and de Queiroz 2000; Brandley et al. 2005). The analyses
Table 3
Nonparametric Bootstrap Values and Adjusted Bootstrap Values from Maximum Parsimony Analyses
of 11 Loci for Each of the Five Seed Plant Hypotheses Examined
AN BS AN ABS GP BS GP ABS GF BS GF ABS GS BS GS ABS GSG BS GSG ABS Other BS
18S all 0.08 0.09 0.28 0.29 0.58 0.45 0.02 0.08 0.00 0.08 0.04
18S RC23 0.00 0.04 0.00 0.09 0.00 0.02 0.00 0.38 0.00 0.47 1.00
18S RC4 0.04 0.13 0.29 0.33 0.57 0.34 0.01 0.07 0.00 0.14 0.09
PHYP/B all 0.04 0.22 0.02 0.25 0.00 0.16 0.00 0.16 0.01 0.20 0.93
PHYP/B RC23 0.02 0.02 0.47 0.55 0.01 0.40 0.00 0.01 0.01 0.03 0.49
PHYP/B RC4 0.00 0.08 0.00 0.19 0.00 0.37 0.00 0.26 0.00 0.10 1.00
PHYN/A all 0.00 0.17 0.00 0.21 0.00 0.16 0.12 0.32 0.62 0.15 0.26
PHYN/A RC23 0.00 0.34 0.02 0.01 0.02 0.11 0.06 0.08 0.85 0.45 0.05
PHYN/A RC4 0.02 0.20 0.00 0.09 0.00 0.09 0.05 0.37 0.03 0.25 0.91
atpB all 0.02 0.24 0.02 0.08 0.00 0.14 0.71 0.24 0.15 0.30 0.10
atpB RC23 0.27 0.21 0.00 0.20 0.00 0.52 0.01 0.05 0.00 0.01 0.72
atpB RC4 0.02 0.18 0.04 0.19 0.00 0.21 0.53 0.19 0.23 0.23 0.17
matK all 0.00 0.20 0.00 0.20 0.00 0.20 0.97 0.20 0.03 0.20 0.00
matK RC23 0.00 0.29 0.00 0.03 0.00 0.16 0.95 0.31 0.03 0.21 0.02
matK RC4 0.12 0.16 0.00 0.16 0.00 0.18 0.60 0.16 0.11 0.33 0.17
psaA all 0.00 0.23 0.12 0.08 0.00 0.10 0.74 0.42 0.13 0.20 0.00
psaA RC23 0.00 0.19 0.00 0.00 0.00 0.02 0.98 0.62 0.00 0.17 0.02
psaA RC4 0.01 0.17 0.22 0.12 0.00 0.12 0.43 0.18 0.22 0.41 0.13
psbB all 0.09 0.30 0.00 0.07 0.00 0.11 0.79 0.35 0.12 0.17 0.01
psbB RC23 0.00 0.04 0.59 0.45 0.15 0.37 0.22 0.14 0.00 0.05 0.04
psbB RC4 0.10 0.23 0.00 0.19 0.00 0.14 0.71 0.22 0.17 0.22 0.02
rbcL all 0.07 0.17 0.00 0.09 0.00 0.17 0.60 0.44 0.11 0.13 0.22
rbcL RC23 0.15 0.21 0.00 0.00 0.00 0.52 0.32 0.21 0.00 0.07 0.53
rbcL RC4 0.10 0.23 0.00 0.17 0.00 0.14 0.37 0.24 0.11 0.22 0.42
atpA all 0.00 0.01 0.96 0.86 0.00 0.09 0.01 0.01 0.00 0.04 0.03
atpA RC23 0.00 0.03 0.00 0.00 0.00 0.69 0.00 0.00 0.00 0.28 1.00
atpA RC4 0.00 0.04 0.87 0.62 0.00 0.19 0.06 0.06 0.00 0.11 0.06
cox1 all 0.00 0.18 0.00 0.19 0.06 0.14 0.01 0.19 0.01 0.30 0.93
cox1 RC23 0.00 0.13 0.00 0.16 0.44 0.32 0.00 0.18 0.00 0.22 0.56
cox1 RC4 0.00 0.20 0.00 0.20 0.00 0.19 0.00 0.20 0.00 0.20 1.00
mtSSU all 0.00 0.05 1.00 0.62 0.00 0.27 0.00 0.01 0.00 0.05 0.00
mtSSU RC23 0.00 0.06 0.72 0.60 0.00 0.10 0.00 0.07 0.00 0.17 0.28
mtSSU RC4 0.00 0.10 0.99 0.37 0.00 0.28 0.00 0.14 0.00 0.17 0.01
Note. GP ¼ gnepine; GF ¼ gnetifer; AN ¼ anthophyte; GS ¼ Gnetales sister to seed plants; GSG ¼ Gnetales sister to gymnosperms.
‘‘Other’’ specifies the bootstrap support for topologies that are not consistent with any of these hypotheses. Columns list the nonparametric
bootstrap (BS) or adjusted bootstrap (ABS) scores from each hypothesis. The rows represent maximum parsimony (MP) analyses of each locus
data set. RC23 indicates an analysis that only used the rate class 2 and rate class 3 sites from the specified locus, and RC4 indicates an analysis
that only used the rate class 4 sites. Underlined values are >50%.
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of the 12-locus simulated data sets indicate systematic error in
MP and, to a lesser degree, ML analyses, demonstrating that
combining heterogeneous loci does not eliminate the potential ef-
fects of systematic error on the inference of seed plant phylogeny.
Model misspecification can cause systematic error (e.g.,
Swofford et al. 2001). Though the data representing each lo-
cus in the 12-locus simulated data sets were generated based
on different branch lengths and substitution parameters, the
ML models used to infer the phylogeny assume homogeneous
branch lengths and substitution patterns across all sites.
Therefore, unlike in the single-locus simulations, model mis-
specification may lead to systematic error in the ML analyses
of the simulated 12-locus data sets. In fact, under some simu-
lation conditions when different sites have very different sets
of branch lengths, MP performs better than ML or Bayesian
analyses that assume homogeneous branch lengths across sites
(Kolaczkowski and Thornton 2004; Simmons et al. 2006;
but see Gadagkar and Kumar 2005; Gaucher and Miyamoto
2005; Philippe et al. 2005; Spencer et al. 2005). However, in
the analyses of the 12-locus simulated data sets, not only do
the ML analyses appear to outperform MP but also, with the
exception of a bias against recovering the AN hypothesis, they
generally are robust to the heterogeneous branch lengths and
substitution parameters among seed plant loci (tables 5, 6).
When using MP, evidence of bias is strongest in analyses of
the fast-evolving RC4 sites, with relatively little evidence of
bias in analyses of the RC23 data sets (table 5). This is con-
sistent with the idea that removing the fast-evolving sites will
reduce the effects of long-branch attraction (e.g., Brinkman
and Philippe 1999; Philippe et al. 2000; Pisani 2004). How-
ever, simply eliminating all RC4 or fast-evolving sites may
not be the most effective use of the seed plant data. There is
evidence of a heterogeneous phylogenetic signal in the RC4
sites among loci (Burleigh and Mathews 2007), and some of
these sites may be phylogenetically informative and not sub-
ject to biases in MP analyses. Furthermore, increasing taxon
Table 4
Nonparametric Bootstrap Values and Adjusted Bootstrap Values from Maximum Likelihood Analyses
of 11 Loci for Each of the Five Seed Plant Hypotheses Examined
AN BS AN ABS GP BS GP ABS GF BS GF ABS GS BS GS ABS GSG BS GSG ABS Other BS
18S all 0.04 0.07 0.11 0.12 0.84 0.53 0.00 0.14 0.00 0.14 0.01
18S RC23 0.01 0.01 0.19 0.19 0.77 0.77 0.01 0.02 0.00 0.01 0.02
18S RC4 0.01 0.09 0.19 0.25 0.77 0.45 0.01 0.06 0.00 0.16 0.02
PHYP/B all 0.09 0.13 0.53 0.50 0.05 0.06 0.00 0.06 0.00 0.16 0.33
PHYP/B RC23 0.04 0.04 0.83 0.82 0.03 0.08 0.00 0.05 0.01 0.01 0.09
PHYP/B RC4 0.00 0.03 0.01 0.18 0.00 0.68 0.00 0.08 0.00 0.03 0.99
PHYN/A all 0.00 0.09 0.33 0.35 0.21 0.22 0.15 0.14 0.24 0.21 0.07
PHYN/A RC23 0.03 0.14 0.07 0.07 0.01 0.02 0.26 0.29 0.53 0.48 0.10
PHYN/A RC4 0.01 0.01 0.21 0.44 0.05 0.55 0.00 0.00 0.00 0.00 0.73
atpB all 0.22 0.21 0.05 0.13 0.18 0.22 0.02 0.40 0.01 0.03 0.52
atpB RC23 0.17 0.20 0.00 0.19 0.00 0.29 0.00 0.29 0.00 0.03 0.83
atpB RC4 0.18 0.16 0.32 0.32 0.02 0.30 0.01 0.13 0.03 0.15 0.44
matK all 0.00 0.18 0.26 0.32 0.13 0.19 0.33 0.22 0.04 0.10 0.24
matK RC23 0.00 0.15 0.12 0.19 0.28 0.43 0.09 0.11 0.01 0.13 0.50
matK RC4 0.00 0.21 0.00 0.13 0.00 0.20 0.06 0.29 0.00 0.17 0.94
psaA all 0.00 0.03 0.79 0.65 0.00 0.20 0.16 0.12 0.00 0.02 0.05
psaA RC23 0.00 0.17 0.00 0.00 0.00 0.08 0.77 0.61 0.00 0.13 0.23
psaA RC4 0.00 0.07 0.71 0.51 0.00 0.37 0.08 0.07 0.00 0.07 0.21
psbB all 0.00 0.04 0.58 0.68 0.07 0.19 0.03 0.04 0.00 0.04 0.32
psbB RC23 0.00 0.06 0.48 0.51 0.27 0.29 0.02 0.08 0.00 0.06 0.23
psbB RC4 0.00 0.19 0.13 0.20 0.09 0.23 0.19 0.18 0.00 0.21 0.59
rbcL all 0.02 0.06 0.29 0.32 0.01 0.43 0.14 0.17 0.01 0.04 0.53
rbcL RC23 0.21 0.34 0.00 0.27 0.00 0.30 0.00 0.01 0.00 0.08 0.79
rbcL RC4 0.00 0.09 0.50 0.38 0.04 0.57 0.03 0.07 0.01 0.08 0.42
atpA all 0.00 0.00 1.00 0.70 0.00 0.18 0.00 0.05 0.00 0.10 0.00
atpA RC23 0.00 0.02 0.88 0.74 0.00 0.19 0.00 0.04 0.00 0.03 0.12
atpA RC4 0.00 0.05 1.00 0.58 0.00 0.26 0.00 0.07 0.00 0.09 0.00
cox1 all 0.00 0.18 0.00 0.16 0.18 0.15 0.00 0.15 0.00 0.36 0.82
cox1 RC23 0.00 0.15 0.00 0.18 0.45 0.35 0.00 0.16 0.00 0.15 0.55
cox1 RC4 0.00 0.19 0.00 0.22 0.00 0.17 0.00 0.21 0.00 0.21 1.00
mtSSU all 0.00 0.03 0.90 0.76 0.00 0.19 0.00 0.01 0.00 0.03 0.10
mtSSU RC23 0.00 0.09 0.61 0.54 0.00 0.17 0.00 0.08 0.00 0.12 0.39
mtSSU RC4 0.00 0.18 0.30 0.25 0.00 0.21 0.00 0.17 0.00 0.19 0.70
Note. GP ¼ gnepine; GF ¼ gnetifer; AN ¼ anthophyte; GS ¼ Gnetales sister to seed plants; GSG ¼ Gnetales sister to gymnosperms ‘‘other’’
specifies the bootstrap support for topologies that are not consistent with any of these hypotheses. Columns contain the nonparametric boot-
strap (BS) or adjusted bootstrap (ABS) scores from each hypothesis. The rows represent maximum likelihood analyses of each locus data set.
RC23 indicates an analysis that only used the rate class 2 and rate class 3 sites from the specified locus, and RC4 indicates an analysis that only
used the rate class 4 sites. Underlined values are >50%.
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sampling or using different approaches to MP analyses, in-
cluding different weighting schemes for characters or types of
substitutions, may ameliorate or possibly eliminate some of
the observed biases. Finally, analyses of slowly evolving sites
also can be susceptible to error (e.g., Stanger-Hall and
Cunningham 1998), and this error may not be detected from
our parametric bootstrapping because of a lack of power from
small data sets and few substitutions or complex processes of
evolution that are not incorporated into the simulations.
In MP analyses of the simulated 12-locus RC23 sites and
in ML analyses of all 12-locus data sets, the only notable
bias is against recovering the AN hypothesis (tables 5, 6).
This bias may help explain the dearth of support for the AN
hypothesis from molecular phylogenetic analyses (but see
Stefanovic et al. 1998; Rydin et al. 2002). Again, this result
extends a similar finding of a bias in MP analyses of psaA
and psbB by Sanderson et al. (2000). It is difficult to recon-
cile the general bias against recovering the AN hypothesis
with the numerous phylogenetic analyses of morphological
characters that have favored the AN hypothesis (Parenti
1980; Crane 1985; Doyle and Donoghue 1986; Rothwell
and Serbet 1994; Doyle 1996, 1998b, 2006; Hilton and
Bateman 2006). A recent analysis of a revised morphological
data set found that MP analyses still favor the AN hypothe-
sis, but trees that place Gnetales within conifers, though not
sister to Pinaceae, are only a single step longer (Doyle 2006).
Since the AN hypothesis is often recovered from phylogenetic
analyses of morphological data sets, it appears that the mor-
phological data do not suffer from the bias against recovering
the AN hypothesis that we observe in the parametric boot-
strapping of molecular data. The support for the AN hypothe-
sis in some morphological analyses may be partly due to errors
in character coding or mistaken assignments of homology (Do-
noghue and Doyle 2000; Doyle 2006), and the morphological
characters likely have very different patterns of rate variation
than the molecular characters. However, the morphological
analyses also often incorporate data from important extinct
lineages, and the differences in taxon sampling may help ex-
plain the differences in results of analyses of morphological
and molecular characters. Since molecular data are unavailable
for the extinct lineages, taxon sampling for any seed plant
analysis using only molecular data is extremely limited.
Implications for the Inference of Seed Plant Phylogeny
Although the results of the simulation experiments raise
many questions regarding the accuracy of seed plant phyloge-
netic analyses, they also provide some insights into seed plant
phylogeny. Foremost, the simulation results provide grounds
for questioning the legitimacy of the GS hypothesis. Support
for the GS hypothesis generally comes from MP analyses of
molecular data (see Magallón and Sanderson 2002; Soltis
et al. 2002; Burleigh and Mathews 2004), and this study
finds much evidence of bias in MP analyses of single-locus
data sets and the 12-locus data set that result in recovering
the GS hypothesis even when it is untrue. The presence of
Table 5
Results from the Maximum Parsimony 12-Locus Data Set Simulations
AN GP GF GS GSG BS ABS
All:
AN 0.00 0.00 0.00 0.00 0.00 0.00 0.33
GP 0.00 1.00 0.00 0.00 0.00 0.00 0.00
GF 0.00 0.00 0.19 0.00 0.00 0.00 0.14
GS 0.84 0.00 0.00 1.00 0.00 0.66 0.36
GSG 0.16 0.00 0.81 0.00 1.00 0.34 0.17
Other 0.00 0.00 0.00 0.00 0.00 0.00
RC23:
AN 0.11 0.00 0.00 0.00 0.00 0.00 0.00
GP 0.00 1.00 0.00 0.00 0.00 1.00 0.99
GF 0.00 0.00 1.00 0.00 0.00 0.00 0.01
GS 0.79 0.00 0.00 1.00 0.00 0.00 0.00
GSG 0.10 0.00 0.00 0.00 1.00 0.00 0.00
Other 0.00 0.00 0.00 0.00 0.00 0.00
RC4:
AN 0.00 0.00 0.00 0.00 0.00 0.00 0.01
GP 1.00 0.09 0.00 0.00 0.00 0.00 0.07
GF 0.00 0.00 0.00 0.00 0.00 0.00 0.15
GS 0.00 0.02 0.12 1.00 0.00 0.82 0.72
GSG 0.00 0.89 0.88 0.00 1.00 0.15 0.05
Other 0.00 0.00 0.00 0.00 0.00 0.03
Note. Data were simulated according to five different seed plant hypotheses (AN ¼ anthophyte; GP ¼ gnepine; GF ¼
gnetifer; GS ¼ Gnetales sister to seed plants; GSG ¼ Gnetales sister to gymnosperms). Columns AN–GSG contain the percent-
age of simulation replicates in which the seed plant hypothesis listed in each row was inferred from the simulations. The row
labeled ‘‘Other’’ lists the percentage of times that a topology not consistent with any of the five hypotheses was inferred. The
column titled ‘‘BS’’ contains the nonparametric bootstrap scores obtained from maximum likelihood analysis of the empirical
12-locus data set, and the column titled ‘‘ABS’’ contains the adjusted bootstrap scores for each seed plant hypothesis. The
12-locus maximum parsimony simulations were done using all sites (All), only the RC23 sites, and only the RC4 sites.
132 INTERNATIONAL JOURNAL OF PLANT SCIENCES
such a bias represents systematic error, but it does not neces-
sarily mean that the favored hypothesis is not true. However,
further evidence leads us to doubt the GS hypothesis. First,
there appears to be much less evidence of bias in MP analyses
of the slower-evolving RC23 sites, which generally support a
GP hypothesis. Also, it is difficult to reconcile the GS hypoth-
esis with morphological and stratigraphic data (e.g., Doyle
1998a; Donoghue and Doyle 2000; Burleigh and Mathews
2004), which further suggests that the results of the MP anal-
yses of the fast-evolving sites may be erroneous. Thus, it ap-
pears likely that observed biases favoring the GS hypothesis
are misleading some MP analyses.
Second, though there is evidence of bias against recovering
the AN hypothesis, a closer look at the results from paramet-
ric bootstrapping suggests that the AN hypothesis is not cor-
rect. In other words, simulations based on an AN topology
reveal a potential bias against recovering the AN hypothesis,
but this bias is not consistent with the results from the MP and
ML analyses of the original empirical data set. For example,
the MP analyses of the 12-locus simulated data sets suggest
that, were the AN hypothesis true, the GP hypothesis would
be recovered by the fast-evolving sites, and the GS hypothesis
would be recovered by the slowly evolving sites (table 5). Yet
we observe the opposite trend in the MP nonparametric boot-
strap analyses (table 5; Burleigh and Mathews 2007). Fur-
thermore, the adjusted bootstrap score quantifies how much
the results of the parametric bootstrapping should affect our
interpretation of the seed plant phylogeny, and the adjusted
bootstrap values for the AN hypothesis are never greater than
33% (tables 5, 6).
Taken together, the results of the parametric bootstrap
suggest that the GP hypothesis is the best-corroborated
seed plant hypothesis. However, the results also illustrate lim-
itations of the parametric bootstrapping approach that may
lessen our confidence in the GP hypothesis. Since the simu-
lated data sets are generated using an assumed model of
evolution and estimated topology, branch lengths, and substi-
tution parameters, the accuracy and effectiveness of paramet-
ric bootstrapping analyses depends on how closely the
simulation conditions reflect the true patterns of evolution
(Buckley 2002). In contrast, by sampling the original data set
with replacement, nonparametric bootstrapping is essentially
creating pseudoreplicate data sets by sampling from the ac-
tual distribution of the data. The variability observed in the
parametric and nonparametric bootstrap values would be
similar if the parametric bootstrap were simulated using the
true model of evolution and true tree (Felsenstein 2004). In
our analyses, it is impossible to reconcile the results of the
parametric bootstrapping for any hypothesis with the results
of the nonparametric bootstrap analyses. For example, ML
analyses of all sites and just the RC23 sites from all 12 loci
strongly support the GP hypothesis, and ML analyses of just
the RC4 sites supports the GS hypothesis (Burleigh and
Mathews 2007; table 6). Yet this pattern of support is not
consistent with any seed plant hypothesis in the ML analyses
of the simulated data sets (table 6). The same discrepancy
Table 6
Maximum Likelihood 12-Locus Simulations
AN GP GF GS GSG BS ABS
All:
AN 0.74 0.00 0.00 0.00 0.00 0.00 0.00
GP 0.00 1.00 0.00 0.00 0.00 1.00 1.00
GF 0.00 0.00 1.00 0.00 0.00 0.00 0.00
GS 0.19 0.00 0.00 1.00 0.00 0.00 0.00
GSG 0.07 0.00 0.00 0.00 1.00 0.00 0.00
Other 0.00 0.00 0.00 0.00 0.00 0.00
RC23:
AN 0.82 0.00 0.00 0.00 0.00 0.00 0.00
GP 0.00 1.00 0.00 0.00 0.00 0.99 0.99
GF 0.00 0.00 1.00 0.00 0.00 0.01 0.01
GS 0.06 0.00 0.00 0.92 0.00 0.00 0.00
GSG 0.04 0.00 0.00 0.00 1.00 0.00 0.00
Other 0.08 0.00 0.00 0.08 0.00 0.00 0.00
RC4:
AN 0.26 0.00 0.00 0.00 0.01 0.00 0.28
GP 0.00 1.00 0.03 0.00 0.00 0.09 0.09
GF 0.00 0.00 0.95 0.00 0.00 0.02 0.02
GS 0.48 0.00 0.00 0.98 0.07 0.89 0.57
GSG 0.26 0.00 0.00 0.02 0.92 0.00 0.04
Other 0.00 0.00 0.02 0.00 0.00 0.00
Note. Data were simulated according to five different seed plant hypotheses (AN ¼ anthophyte; GP ¼ gnepine; GF ¼
gnetifer; GS ¼ Gnetales sister to seed plants; GSG ¼ Gnetales sister to gymnosperms). Columns AN–GSG contain the percentage
of simulation replicates in which the seed plant hypothesis listed in each row was inferred from the simulations. The row labeled
‘‘Other’’ lists the percentage of times that a topology not consistent with any of the five major seed plant hypotheses was inferred.
The column titled ‘‘BS’’ contains the nonparametric bootstrap scores obtained from maximum likelihood analysis of the empiri-
cal 12-locus data set, and the column titled ‘‘ABS’’ contains the adjusted bootstrap scores for each seed plant hypothesis. The 12-
locus maximum parsimony simulations were done using all sites (All), only the RC23 sites, and only the RC4 sites.
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between the nonparametric and parametric bootstrap results
occurs in the 12-locus MP analyses (table 5). The difficulty
of reconciling parametric and nonparametric bootstrapping
results suggests that the simulations do not accurately reflect
processes of evolution, whether in their assumptions of the to-
pology, branch lengths, the model of nucleotide evolution, or
some combination of these. Perhaps no simulation will ever
accurately reflect the true complexities of molecular evolution,
and thus, the estimates of systematic bias through parametric
bootstrapping may be conservative. In other words, a lack of
evidence of bias through parametric bootstrapping should not
be interpreted as an absence of bias.
To further understand potential systematic errors in seed
plant analyses and assess and perhaps enhance the perfor-
mance of MP and ML analyses, it will be important to iden-
tify the major factors that influence molecular evolution that
are not yet incorporated into the simulation models used in
this study. For example, there is evidence of covarion evolu-
tion, in which the rate of evolution at a site changes through
time, in nearly half of the plastid loci (Ané et al. 2005). This
is particularly notable because covarion patterns of evolution
appear much more frequently in the slowly evolving first and
second codon position sites than in the faster-evolving third
codon position sites (Ané et al. 2005). Thus, we might expect
effects of covarion patterns of evolution to influence the
slowly evolving sites, where we observed relatively little evi-
dence of bias in these simulations (tables 3–6). Similarly, co-
don models appear to provide a better fit to the data than
nucleotide models in some plant genes (J. G. Burleigh, unpub-
lished manuscript). In some simulation examples, ML using
the HKY G model, which was used in the seed plant analyses
of Burleigh and Mathews (2004, 2007) as well as in the para-
metric bootstrapping experiments, performs in an inconsistent
manner when sequences are evolving under a codon model of
evolution (J. G. Burleigh, unpublished manuscript).
Conclusions
Burleigh and Mathews (2007) showed that the 12-locus
seed plant data set is susceptible to high sampling variance
associated with locus-specific evolution. This study demon-
strates that the 12-locus data set is susceptible to systematic
error in both MP and ML analyses and that combining loci
does not eliminate evidence of error. Together these studies
provide reasons for taking a cautious view of results from
published analyses of seed plant data and, more broadly,
from analyses of multilocus phylogenetic analyses. Despite
very large data sets and numerous seed plant trees with
100% bootstrap values (Sanderson and Magallón 2002;
Burleigh and Mathews 2004, 2007), it is far from clear that
we have obtained an accurate estimate of seed plant phylog-
eny. These studies demonstrate the possibility of being easily
misled by seemingly unambiguous phylogenetic results. Re-
solving the phylogeny of seed plants will require more than
adding new data; it will require a better understanding of the
complexities within data sets along with analytical methods
that incorporate these insights.
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Tavaré S 1986 Some probabilistic and statistical problems on the
analysis of DNA sequences. Pages 57–86 in RM Miura, ed. Lectures
on mathematics in life sciences. American Mathematics Society,
Providence, RI.
Wilgenbush J, K de Queiroz 2000 Phylogenetic relationships among
the phrynosomatid sand lizards inferred from mitochondrial DNA
sequences generated by heterogeneous evolutionary processes. Syst
Biol 49:592–612.
Won H, SS Renner 2003 Horizontal gene transfer from flowering
plants to Gnetum. Proc Natl Acad Sci USA 100:10824–10829.
Yang Z 1994 Maximizing likelihood phylogenetic estimation from
DNA sequences with variable rates over sites: approximate
methods. J Mol Evol 39:306–314.
135BURLEIGH & MATHEWS—SYSTEMATIC ERROR IN SEED PLANT ANALYSES
